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ABSTRACT
COVID-19 forced many universities to shift from traditional face-to-face or blended learning, to full
online learning. The sudden shift was not easy for both students and lecturers, who had to adapt to the
new learning mode. This study aimed to evaluate the acceptance and use of online learning of university
students in the law faculty at a South African university during the COVID-19 pandemic. The study
employs the extended unified theory of acceptance and use of technology (UTAUT2) model
particularised to the online learning context in a country with a developing economy. An online survey
was administered to the student participants. The structural equation modelling analyses indicated that
social influence predicted the student behavioural intention, and that facilitating conditions and price
value predicted the actual behavioural use of online learning. Consequently, universities will know
which factors are essential during the transition from traditional learning to full online learning in a
pandemic.
Keywords
UTAUT2, online learning, social influence, facilitating conditions, Covid-19.
INTRODUCTION
In January 2020, a novel virus, severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2),
emerged following multiple pneumonia cases in Wuhan, China. In response to the increasing number of
infections and deaths as well as the number of affected countries, the World Health Organization
declared COVID-19 a global pandemic in March 2020. The spread of the virus affected and continues to
affect the global community, disrupting both public and private sectors. The rapid spread of coronavirus
generated uncertainty in higher education, prompting the closure of traditional face-to-face teaching and
learning methods (Agormedah et al., 2020; Bao, 2020).
As of April 06, 2020, UNESCO (2020) reported that the shutdown affected 1576 021 818 students in
188 countries. Consequently, the learning institutions reluctantly shifted from traditional face-to-face or
blended teaching, to fully remote online teaching (Zhang et al., 2020). However, this shift to fully online

The African Journal of Information Systems, Volume 14, Issue 1, Article 3

44

Goto and Munyai

The Acceptance and Use of Online Learning

learning for countries with developing economies was fraught with difficulty, unlike digitally advanced
countries that enjoy technological, pedagogical and social advantages over countries with developing
economies (Aboagye et al., 2021; Adnan & Anwar, 2020; Ferri et al., 2020).
Depending on the pedagogical, technological and social support available in different
universities/departments, the researchers anticipated that some students would struggle to accept and use
online learning, since they were used to the traditional face-to-face content delivery mode.
Therefore, this research asks what factors influence the acceptance and use of online learning in the
context of a country with a developing economy in the midst of a pandemic.
LITERATURE REVIEW
The World Bank (2020) reported that “transitioning to online learning at scale is a complicated and
highly complex undertaking for education systems, even in the best of circumstances” (p. 2). The World
Bank (2020) indicated that universities that are already offering blended learning were likely to
transition faster than those offering traditional face-to-face learning only, of which the universities
offering traditional face-to-face constitute the majority. Universities offering traditional face-to-face
learning were more ill-prepared than those offering blended learning or already fully online learning
(Aboagye et al., 2020, 2021; Adedoyin & Soykan, 2020).
Nonetheless, excellent and well-resourced universities were likely to transition better, since some
already use technology reasonably well (World Bank, 2020). Henceforth, the differences between these
universities in content delivery create inequalities, with some universities enjoying a smooth transition
to entirely online learning, while others struggle. Lack of preparedness presented a host of problems.
According to several authors (Ali, 2020; Bao, 2020; Dhawan, 2020), online infrastructures were either
weak or non-existent, or too expensive to implement. Some lecturers were inexperienced, or lacked the
online pedagogical instructional strategies to deliver and design content (Ali, 2020; Bao, 2020; Hussein
et al., 2020; Toquero, 2020; Zhang et al., 2020). According to the World Bank (2020) report,
transitioning online requires “instructional approaches, content, pacing, interaction models, and
assessment” to be adapted to suit the online format, which is not easy for inexperienced lecturers (p. 6).
For instance, some of the lecturers’ poor pedagogical instructional strategies, such as using dataintensive media and narrative PowerPoints and videos, meant that the content was inaccessible to some
students who could not afford the data or Wi-Fi. Bao (2020) has reported that some of the content
required breaking up into smaller parts for simplicity, facilitating effortless concentration on the part of
the students. However, according to the World Bank (2020) report, a few lecturers who were motivated,
experienced, and highly capable could transition to online learning environments quickly and
effectively. In addition, Toquero (2020) reported that some lecturers also became highly innovative at
using the new online tools and delivering content.
Most universities in developing and middle-income countries lack access to high-speed internet and the
devices suitable to accessing the internet to the degree needed to deploy content (Agormedah et al.,
2020). Another problem was student data accessibility (Adedoyin & Soykan, 2020; Dube, 2020).
However, some universities organized affordable data plans for their students, by entering into
agreements with telecommunication companies. Due to poor connectivity, students in rural or remote
areas struggle to access learning materials (Dube, 2020). In China, the government and
telecommunications companies provided the network service resources resulting in “fast and stable
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networks for online education, and guaranteed teachers’, students’, and parents’ access to digital
educational resources and online education” (Zhang et al., 2020, p. 2).
Most students (in countries with developing economies) were used to traditional face-to-face learning or
hybrid learning and lacked experience with full-blown online learning (Hussein et al., 2020). Ali (2020)
reported that besides the students being generally tech-savvy, some of the so-called digital natives are
limited in their use of technology (p. 20). In addition, some of the students working from home
experienced poor internet access, especially students in remote rural areas and marginalized
communities (Adnan & Anwar, 2020; Dube, 2020).
According to Agormedah et al. (2020) and Hussein et al. (2020), students must have characteristics such
as “knowledge of technology use, time management and organization, and interaction using online
technologies” to ensure successful online navigation and learning, where a lack of each will impact
negatively on their academic progress (p. 184). Nonetheless, acceptance of online learning also
depended on whether the students showed bad attitudes, lack of discipline, or had poor learning
environments (Adedoyin & Soykan, 2020; Bao, 2020; Dhawan, 2020). However, despite students'
potential technological, social and pedagogical problems, Agormedah et al. (2020) reported that for the
most part, Ghanaian students positively responded to online learning.
Besides the lack of devices, some students had problems with outdated devices that were not compatible
with some new technologies. In addition, students' socio-economic status also played a part, with poor
students bearing the brunt of a lack of access to online learning materials (Adedoyin & Soykan, 2020;
Hussein et al., 2020). In some homes, the environment was not conducive to online learning, with pets
and humans disrupting the online teaching and learning process, and, in some instances, violating
privacy when students exposed themselves, oblivious to the fact that their gadget cameras were on
(Adedoyin & Soykan, 2020). Zhang et al. (2020) reported that some of the distractions at home for both
lecturers and students included the "burden of housework and childcare", "suitable spaces for teaching
and studying at home", and "insufficient hardware and an unstable network at home" which would all
contribute to poor teaching and learning (p. 4).
Several authors (Adedoyin & Soykan, 2020; Hussein et al., 2020) reported that students' and lecturers'
physical, mental and psychological well-being required support for a successful transition to online
learning. Tiwari (2020) argued that the lack of technological resources on the part of underprivileged
students would lead to isolation and exacerbate psychological anxiety. Hence, poorly resourced
universities may struggle to help their lecturers and students provide psychological support, causing
them to stress and struggle with full-blown online learning (Adedoyin, & Soykan, 2020).
Toquero (2020) suggested using free virtual services for counselling, mental health, and psychological
problems for lecturers and students to mitigate the stress problem. Furthermore, using analytics to
monitor students' academic progress and providing interventions to poorly performing students would
smooth the transition to full online learning.
Further, online learning results in a lack of human interaction and isolation (Hussein et al., 2020). Bao
(2020) indicated that technical support, tutors, and teaching assistants would accelerate the transition to
online learning. One of the main challenges of online learning is that it deprives those in the teaching
and learning arena of direct engagement with their peers and lecturers (Tandon, 2020). For instance,
online learning hinders peer-to-peer and student-lecturer interaction (usually typical in traditional faceto-face classrooms), particularly if the lecturers are inexperienced in using online synchronous and
asynchronous social engagement tools like live web conferencing tools and discussion boards (Aboagye
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et al.,2021). However, live web conferences may disadvantage the marginalized students living in
remote and rural areas due to data costs and connectivity issues.
Moreover, the lack of student engagement and interactive tools makes online teaching boring (Dhawan,
2020). Including community engagement tools such as discussion boards, social media, and blogs
would help build a community of practice (Wenger, 2011), but this also depends on whether the
lecturers are proficient enough to set up the tools. Social media in the form of WhatsApp groups
strengthen the community of practice through communication. These communities can help students
cope with psychological and educational problems the students may experience (Agormedah et al.,
2020). Providing timely feedback is also essential for student–lecturer engagement and interaction
(Hussein et al., 2020).
THEORETICAL FRAMEWORK
The unified theory of acceptance and use of technology (UTAUT2) was used to frame the study. The
UTAUT2 is an extension of the UTAUT, which draws from eight models that include: the theory of
reasoned action (TRA), the technology acceptance model (TAM), the motivational model (MM), the
theory of planned behavior (TPB), the combined TAM-TPB model, the model of PC utilization
(MPCU), the IDT and the social cognitive theory (SCT)(Venkatesh et al., 2003; Venkatesh et al.,2012).
The UTAUT2 predicts the use and acceptance of technology or a system. The predictors depend on how
valuable the technology/system is (performance expectancy); how easy it is to use the system (effort
expectancy); the influence of the significant other (social influence); and the degree to which individuals
perform behaviors automatically (habit); the degree of enjoyment when performing a task (hedonic
motivation); the trade-off between benefits and costs of using the application/system (price value); and
the organizational, technical and infrastructural support (facilitating conditions) (see Venkatesh et al.,
2003, Venkatesh et al., 2012).
The original UTAUT2 model has four moderators; age, gender, the voluntariness of use, and experience
mediating the relationships among the constructs.
LITERATURE ON THE APPLICATION OF THE UTAUT2 TO ONLINE LEARNING
CONTEXTS BEFORE THE ONSET OF COVID-19
The UTAUT2 has been used to predict behavioral intention to use and accept technology in various
contexts. This study extends the UTAUT2 from a consumer context into online learning contexts that
broadly represent various technologies used to deliver online learning.
The main thrust of the UTAUT2 has been evaluating the software or technology acceptance and use.
Some similar studies have examined the acceptance and use of blended learning (Apandi & Raman,
2020; Azizi et al., 2020) and factors influencing the adoption of online teaching by school teachers
(Tandon, 2020). In addition, the UTAUT2 has been used to examine the factors that influence some
aspects of online learning, such as massive open online learning courses (MOOCs) (Tseng et al., 2019)
and e-learning (Tarhini et al., 2017). The original elements of UTAUT2 are: performance expectancy
(PE), effort expectancy (EE), social influence (SI), facilitating conditions (FC), price value (PV),
hedonic motivation (HM), and habit (HT).
Performance Expectancy
Venkatesh et al. (2003) define performance expectancy as the degree to which a user believes a system
to be useful. In a study that focuses on those factors that influence first-year student utilization of an
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online learning community at a rural university in the Eastern Cape province of South Africa,
Chinyamurindi et al. (2017) posited that perceived usefulness influenced the intention to use an online
learning community. In several online contexts that include the acceptance of blended learning (Azizi et
al., 2020), adoption of e-learning (Tarhini et al., 2017), adoption of MOOCs (Tseng et al., 2019),
adoption of emerging information technology in higher education classrooms (Lewis et al., 2013), use of
learning management systems (Ain et al., 2016) and factors influencing adoption of online teaching by
school teachers Tandon (2020), performance expectancy influenced behavioral intention to use a system.
Venkatesh et al. (2012) indicated that performance expectancy directly influences behavioral intention.
Effort Expectancy
Venkatesh et al. (2003) define effort expectancy as the degree of ease of using a system. In two studies
that include acceptance of blended learning (Azizi et al., 2020) and the use of a LMS (Widjaja et al.,
2020), effort expectancy influenced behavioral intention. However, in their empirical study of the
factors that influence adopting an online learning community at a rural university in South Africa,
Chinyamurindi et al. (2017) posited that effort expectancy (perceived ease of use) had no significant
effect on behavioral intention to use an online community. However, according to Venkatesh et al.
(2012), effort expectancy has a direct influence on behavioral intention.
Social Influence
Social influence refers to the degree to which the user expects that the significant others believe that he
or she should use a system (Venkatesh et al., 2003). In two studies, social influence influenced
behavioral intention to use online formative feedback (Goto et al., 2019, 2021). In several online
contexts that include: acceptance of blended learning (Azizi et al., 2020); adoption of e-learning
(Tarhini et al., 2017); use of a learning management system (Ain et al.,2016; Widjaja et al., 2020);
adoption of MOOCs (Tseng et al., 2019); adoption of emerging information technology in higher
education classrooms (Lewis et al., 2013); and factors influencing adoption of online teaching by school
teachers (Tandon, 2020), social influence was found to influence behavioral intention to use technology.
According to Venkatesh et al. (2012), social influence directly comes to bear upon behavioral intention.
Habit
Venkatesh et al. (2003) defined habit as the degree to which a user expects to perform behaviors
automatically (Venkatesh et al., 2003; Venkatesh et al., 2012). In several online contexts that include
acceptance of blended learning (Azizi et al., 2020), adoption of e-learning (Tarhini et al., 2017), use of
learning management systems (Widjaja et al., 2020), adoption of emerging information technology in
higher education classrooms (Lewis et al., 2013), habit influenced behavioral intention. In a recent study
on online formative feedback, habit influenced behavioral intention to use online formative feedback
(Goto et al., 2021). According to Venkatesh et al. (2012), habit directly influences behavioral intention.
Hedonic Motivation
Venkatesh et al. (2003) define hedonic motivation as the degree to which a user expects that using a
system is enjoyable (Venkatesh et al., 2012). In a recent study on online formative feedback for
preservice teachers at the same university, hedonic motivation influenced behavioral intention (Goto et
al., 2021). In several online contexts that include acceptance of blended learning (Azizi et al., 2020),
adoption of e-learning (Tarhini et al., 2017), use of a learning management system (Widjaja et al., 2020),
adoption of emerging information technology in higher education classrooms (Lewis et al., 2013),
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hedonic motivation influenced behavioral intention. According to Venkatesh et al. (2012), hedonic
motivation directly influences behavioral intention.
Price Value
The price value refers to the degree to which a user expects that using a system has trade-offs between
benefits and costs (Venkatesh et al., 2012). In several online contexts, including acceptance of blended
learning (Azizi et al., 2020) and adoption of MOOCs (Tseng et al., 2019), price value influenced
behavioral intention. According to Venkatesh et al. (2012), price value directly influences behavioral
intention.
Facilitating Conditions
Facilitating conditions refer to the degree to which a user expects organizational infrastructure and
technical support during system use (Venkatesh et al., 2003; Venkatesh et al., 2012). Facilitating
conditions captures effort expectancy, and the two cannot coexist to influence behavioral intention
(Venkatesh et al., 2003). In several online contexts that include: acceptance of blended learning (Azizi et
al., 2020); adoption of MOOCs (Tseng et al., 2019); and factors influencing the adoption of online
teaching by school teachers (Tandon, 2020), facilitating conditions influenced behavioral intention. In
other several online contexts that include: the use of a learning management system (Widjaja et al.,
2020); adoption of MOOCs (Tseng et al., 2019); adoption of emerging information technology in higher
education classrooms (Lewis et al., 2013); use of learning management systems (Ain et al., 2016) and
factors influencing adoption of online teaching by school teachers (Tandon, 2020), facilitating
conditions influenced behavioral intention. Thus, it can be concluded that facilitating conditions
influence behavioral intention and behavioural use (Venkatesh et al., 2012).
Behavioral Intention and Use
According to Venkatesh et al. (2003), behavioral intention refers to the motivational factor driving a
user to use a particular system/technology in the future, and behavioral use is the actual use of the
system/ technology (Venkatesh et al., 2003). In several online contexts that include: acceptance of
blended learning (Azizi et al., 2020); use of a learning management system (Widjaja et al., 2020);
adoption of MOOCs (Tseng et al., 2019); adoption of emerging information technology in higher
education classrooms (Lewis et al., 2013); use of learning management systems (Ain et al., 2016); and
factors influencing adoption of online teaching by school teachers (Tandon, 2020), behavioral intention
influenced behavioural use. It is possible to conclude therefore that behavioral intention directly
influences behavioral use (Venkatesh et al., 2012).
The literature analysis summarized in Table 1 shows the applicability of the UTAUT2 framework in
diverse contexts before the advent of the COVID-19 pandemic.
Table 1
The Applicability of the UTAUT2 Framework in Diverse Contexts
Study Cited
(Author & Year)
(Azizi et al.,
2020)

Domain of
Measure
Acceptance
of blended
learning

Item Used/ Variables

Results
Supported
Not Supported

PE, EE, SI, FC

PE→BI

FC→BU

HM, PV, HT

BI →BU

FC→ BU
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(Author & Year)
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Domain of
Measure

Item Used/ Variables

Results
Supported
Not Supported
EE →BI
SI →BI
FC →BI
HM →BI
PV →BI
HT →BI

(Tarhini et al.,
2017)

Adoption of
e-learning

PE, EE, HM

PE→BI

FC→.BI

HT

SI→BI

PV→BI

SI

HT→ BI

PV

HM→BI

Self-efficacy(SE)

SE→BI

FC,

T→BI

.

Trust(T)
(Widjaja, et al.,
2020)

LMS

PE

SI→BI

PE→BI

EE

FC→.BI

PV→BI

SI

FC→ BU

T→BI

FC

HM→BI

EE→BI

HM

HT→ BI

PV

HT→ BU

HT

BI→BU

BU
(Tseng et al.,
2019)

Adoption of
MOOCs

PE, EE

PE→BI

EE→BI

SI, FC

SI→BI

HM→BI

HM

FC→BI

PV

PV→BI

BI

FC→ BU

BU

BI→BU
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Study Cited
(Author & Year)
Lewis et al.,
2013)

The Acceptance and Use of Online Learning

Domain of
Measure
Adoption of
emerging
information
technology in
higher
education
classrooms

Item Used/ Variables

Results
Supported
Not Supported

PE

PE→ BU

EE→BI

EE

SI→BI

HM→BI

SI

PE→.BI

SI→BU

FC

FC→ BU

HT→ BU

HM, HT

HM→BI

HM→BU

PV

HT→ BI

BI

BI→BU

BU
(Ain et al., 2016)

Tandon (2020)

LMS

Factors
influencing
adoption of
online
teaching by
school
teachers

LV

PE→ BU

HT→ BI

PE, EE

FC→ BU

HT→ BU

SI, FC

SI→BI

FC→ BI

HM, HT

PE→.BI

HM→BI

BI

BI→BU

EE→.BI

BU

LV→BI

PE

PE→BI

EE→BI

FC

FC→BI

SI→AT

SI

FC→AT

AT

SI→BI

EE

BI→BU
FC→BU

Note. PE = performance expectancy; EE = effort expectancy; SI =social influence; FC = facilitating
conditions; HM = hedonic motivation; HT = habit; BI = behavioral intention; BU = behavioral use; PV
= price value; T = trust; SE = self-efficacy; AT = attitude; LV = learning values; LMS = learning
management system.

CONCEPTUAL FRAMEWORK AND HYPOTHESIS
This section discusses the variables in the conceptual framework and the hypotheses used in the study in
light of the pandemic in a country with a developing economy.
Performance Expectancy
Performance expectancy refers to how the user expects a technology (e.g. online learning) to be useful
(Venkatesh et al., 2003). During the COVID-19 pandemic, the only way to complete the 2020 academic
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year was to have mandatory online lectures, and thus online learning became useful to the students. In
addition, law students have a high perception of employability after completing their degrees; thus, they
tend to take their studies seriously, no matter the learning format (Pitan & Muller, 2019).
A majority of students at this university come from disadvantaged backgrounds. In their study on the
adoption of internet adoption and usage behavior in a country with a developing economy (South
Africa), Brown and Licker (2003) found that for students who came from disadvantaged backgrounds
internet adoption was influenced by the short-term (perceived usefulness), and not the long-term
consequences of use. Brown and Licker (2003) argued that this resulted from a lack of internet
experience and exposure to technology due to their often poor socioeconomic and financial background.
Prior exposure and experience moderates the influence of long-term consequences of use on adoption.
Some of the first years were experiencing online learning for the first time, and probably deemed it
valuable, because it was the only conduit available for them to use to achieve their educational goals.
This leads to the following hypothesis H1: PE positively influences behavioral intention to accept and
use online learning.
Effort Expectancy
Effort expectancy refers to the degree to which the user expects that using a technology (e.g. online
learning) is easy (Venkatesh et al., 2003). When this university closed its doors to students in March
2020, the students in the law faculty were accustomed to a mostly traditional approach (face-to-face),
with a few online learning activities on the learning management system. The World Bank (2020)
indicated that universities offering already blended learning were likely to transition faster than those
offering traditional face-to-face learning alone. Before the COVID-19 pandemic, universities offering
traditional face-to-face methods constituted the majority, who were the worst prepared (Aboagye et al.,
2020, 2021; Adedoyin & Soykan, 2020).
The researchers anticipated that the students would switch from traditional to full online learning with
difficulty. For instance, the first-year students had just joined the university from high school with little
or no online learning experience. Chinyamurindi et al. (2017) posited that first-year students from
previously disadvantaged backgrounds had encountered certain difficulty in their academic work due to
a lack of online preparedness, or little or no online experience in their communities and former schools.
This lack of online preparedness, technological knowledge, and previous experience affected how easy
it was to use and accept e-learning (Adarkwah, 2021; Maatuk et al., 2021; OECD, 2020). Inexperienced
and digitally under-prepared lecturers ,who use inappropriate online instructional pedagogical strategies,
make it difficult for the students to adjust (Ali, 2020; Bao, 2020; Hussein et al., 2020; Manca &
Meluzzi, 2020; Toquero, 2020; Zhang et al., 2020;). In addition, individual barriers and unwillingness to
embrace online learning or the converse contributed to how easy or difficult it is to accept and use online
learning (Adarkwah, 2021).
This leads to hypothesis H2: EE positively influences behavioral intention to accept and use online
learning.
Social Influence
Social influence refers to the degree to which the user expects that the significant other believes that he
or she should use technology (e.g. online learning) (Venkatesh et al. (2003). According to several
authors (Lee & Wan, 2010; Taylor & Todd,1995; Venkatesh & Davis, 2000), social influence is only
essential in mandatory situations ,and specifically in the initial stages of the experience, since those with

The African Journal of Information Systems, Volume 14, Issue 1, Article 3

52

Goto and Munyai

The Acceptance and Use of Online Learning

little or no prior experience will need significant others in forming their intentions. In this study, online
learning was mandatory, due to the COVID-19 pandemic. One of the main challenges of online learning
is that it deprives those in the teaching and learning of direct engagement with their peers and lecturers
(Adarkwah, 2021; Tandon, 2020). The lack of engagement is common among inexperienced lecturers,
who struggle or fear using online synchronous and asynchronous social engagement tools like live web
conferencing tools and discussion boards (Aboagye et al., 2021). Using live web conferences is
possible, but this disadvantages marginalized students living in remote and rural areas, due to data costs
and connectivity issues involved. However, Rambe et al. (2020) posited that social learning creates
supportive and collaborative communities of practice that create seedbeds of socially mediated
consciousness, knowledge construction, and high-order cognition, under the supervision of more
knowledgeable others such as tutors and lecturers.
This leads to hypothesis H3: SI positively influences behavioral intention to accept and use online
learning.
Habit
Habit (subconscious automatic behaviors) refer to the degree to which the user expects to perform
technology (e.g. online learning) behaviors automatically (Limayem & Hirt, 2003; Venkatesh et al.,
2003; Venkatesh et al., 2012). According to Alsharo et al. (2020), mandatory online learning (which was
the case) forces students to use technology repeatedly, resulting in automated executions. In addition,
Limayem et al. (2007) posited that “frequent repetition of the behavior in question, the extent of
satisfaction with the outcomes of the behavior, and relatively stable contexts” and comprehensiveness of
usage result in automated behaviors (p. 714). For instance, during online learning, students would
repeatedly log in to their computers and learning management systems, continuously checking for
emails, new announcements and notifications for upcoming assignments/activities. Further, they would
repeatedly read assignment briefs, complete quizzes, search / browse for information, download
educational resources, join web-conferencing sessions, problem-solve and communicate (via e-mail,
chat, emojis; posting and replying to discussion boards or blog threads) (Limayem & Hirt, 2003; Polites,
2009; Vishwanath, 2015). The frequency of these prior behaviors strengthens the habit construct.
This leads to the following hypothesis H4: HT positively influences behavioral intention to accept and
use online learning.
Hedonic Motivation
Hedonic motivation refers to the degree to which the user expects that using a technology (e.g. online
learning) is enjoyable (Venkatesh et al., 2012). Chiu et al. (2021) attribute student online success to selfregulation and motivation. During the switch from traditional face-to-face to full-blown online learning,
students experienced isolation, which led to a loss of motivation and anxiety (Adedoyin, & Soykan,
2020; Rahm et al., 2021; Tiwari, 2020). On the contrary, Susilawati and Supriyatno (2020) reported that
during and after the COVID-19 pandemic lockdowns, WhatsApp increased students learning
motivation, probably by providing some form of social presence in the community of practice. Rahm et
al. (2021) reported that lecturers used authentic activities to promote student motivation. The effect of
motivation on the acceptance and use of online learning was mixed, and there was a need to verify these
claims.
This leads to the hypothesis H5: HM has a positive influence on behavioral intention to accept and use
online learning.
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Price Value
Price value refers to the degree to which the user expects that using a technology (e.g. online learning)
has trade-offs between benefits and costs (Venkatesh et al., 2012). In this context, price value relates to
the cost of data and internet connection devices. In South Africa, access to data or the internet is
expensive (Dube, 2020; Hedding et al., 2020; Mhlanga & Moloi, 2020). Consequently, the majority of
the students who depend on financial assistance to get by were hit hardest (Hedding et al., 2020). In
Ghana, Adarkwah (2021) reported that data was also expensive.
This leads to hypothesis H6: PV positively influences behavioral intention to accept and use online
learning.
Mhlanga and Moloi (2020) report that although data prices dropped during the pandemic, some South
African students still could not afford to access the internet due to economic hardship and poverty. Rahi,
Ghani, and Ngah (2018) noted that cheap short messaging services in China drove up their usage.
Adeleye and Eboagu (2019) meanwhile argue that lower prices of internet connecting devices and
connectivity costs in Africa will also increase information communication technology usage.
This leads to hypothesis H8: PV positively influences behavioral use of online learning.
Facilitating Conditions
In this study, facilitating conditions are defined as the degree to which a user expects organizational
infrastructure and technical support (e.g. during online learning) (Venkatesh et al., 2003; Venkatesh et
al., 2012). Facilitating conditions include providing internet connectivity, data, internet connecting
devices, use of online pedagogical and instructional strategies used by the lectures, including designing
modules so that content is accessible to all the students regardless of their social background/standing.
Nevertheless, the transition from traditional face-to-face to full-blown learning faced many barriers. The
barriers included: unplanned power cuts or lack of electricity; poor internet connectivity; outdated
devices that were not compatible with some new technologies; high cost of data and devices; inadequate
infrastructure; lack of information; communication technology (ICT) skills on the part of the lecturers;
and students and the unwillingness to adopt online learning by faculty members (Adarkwah, 2021;
Adedoyin & Soykan, 2020; Agormedah et al., 2020; Akhter et al., 2022; Dube, 2020; Maatuk et al.,
2021; Manca & Meluzzi, 2020; World Bank, 2020).
This leads to hypothesis H7: FC positively influences behavioral intention to accept and use online
learning.
This also leads to hypothesis H9: FC has a positive influence on behavioral use of online learning.
Behavioral Intention and Use
In this study, behavioral intention refers to a user’s motivation for performing future online learning
behaviors (Venkatesh et al., 2003). Several authors (Rahi, Ghani & Ngah, 2018) propounded that users
with a higher behavioral intention are highly likely to execute that particular behavior (usage). For
Farah, Hasni and Abbas (2018), “behavioural intentions tend to mediate the relationship between
behavioural variables and the actual implementation of the behaviour itself, thereby causing intentions to
forecast future actions accurately” (p. 8).
This led to the hypothesis: H10: BI positively influences online learning behavioral use (BU).
Figure 1 below shows the formulated research hypotheses
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Figure 1
The Formulated Research Hypotheses

Note. BU = behavioral use; H1 = hypothesis 1; H2 = hypothesis 2; H3 = hypothesis 3; H4
= hypothesis 4; H5 = hypothesis 5; H6 = hypothesis 6; H7 = hypothesis 7; H8 = hypothesis
8; H9 = hypothesis 9; H10 = hypothesis 10.

RESEARCH METHODOLOGY
Research Method
The study employed a quantitative research design and structural equation modelling (SEM) approach to
determine the relationships among the variables.
The Instrument
The instrument used was adapted from Venkatesh et al. (2012) to fit the online context. The nine
constructs used in the study were effort expectancy, habit, hedonic motivation, facilitating conditions,
price value, effort expectancy, social influence, behavioral intention, and behavioral use. The
respondents provided answers to each factor on the Likert-type agreement scale (7 points), starting from
1 (strongly disagree) to 7 (strongly agree). The survey questions are located in Table A1 in Appendix A.
Instrument Validity
Content validity refers to the degree to which a measuring instrument measures what it is supposed to
measure (Tavakol & Dennick, 2011). The researchers did a comprehensive literature search, guided by
the UTAUT2 as a theoretical lens. The UTAUT2 theoretical framework was then adapted to fit the
online learning environment. The items of the constructs were then tested so as to determine whether the
items in the same construct measured the same thing (convergent validity) and items in different

The African Journal of Information Systems, Volume 14, Issue 1, Article 3

55

Goto and Munyai

The Acceptance and Use of Online Learning

constructs measured different things (discriminant validity) (Clark, & Watson, 2019; Purwanto &
Sudargini, 2021).
Ethics
Ethics clearance, particularly concerning informed consent and full disclosure, was sought and approved
by the University's Research Ethics Committee. In addition, the students consented to participate in the
research by checking an online statement on a google form, which indicated that their participation in
the study was voluntary and that the results could be used for research purposes.
Settings
The students from the law faculty at one of the universities in South Africa took part in the study. The
Faculty of Law is one of the nine faculties at this university. At the onset of the pandemic, all the
faculties at this university, including the law faculty, switched to online learning using Blackboard as the
LMS. In addition, the students and lecturers used other platforms, such as WhatsApp, Facebook, and
email, to supplement learning on Blackboard. The law lecturers had virtual private networks (VPN)
installed on their computers to access, sign and approve all the related university documents. The
university provided students with 10G and 20G of data for their daytime and night use each month. The
law lecturers used a standardized online module template that addresses content and teaching delivery
online pedagogical strategies. The lecturers posted lecture notes, narrated slides, podcasts and videos
online and used web-conferencing tools such as Blackboard collaborate ultra, Zoom and MS Teams to
replicate a traditional face-to-face classroom. However, not all the lecturers used the advanced features
of these web-conferencing tools for effective engagement, because some were inexperienced and did not
know how to do so. Some of the tools used by lecturers for student engagement included journals, wikis,
discussion boards, and blogs, all available in the Blackboard LMS. The departments in the law faculty
were encouraged to consider other assessment methods such as online class tests, quizzes, take-home
assignments and continuous assessments. Tutors were appointed and trained for offline and online
tutoring to support their peers during online learning. The tutors created WhatsAppTM groups with the
students to supplement the existing tools for teaching and learning. The office of the law mentor
coordinated the tutor activities and updated lecturers on any challenges faced. In addition, lecturers were
available for student consultation online.
The Centre for Academic Technologies instructional designers worked smoothly with the lectures to
transition to online learning pedagogies. In addition, lecturers were able to consult an online toolkit if
they required further assistance. In the law faculty, a vice-dean who headed the Teaching and Learning
Committee and, with the assistance of heads of departments, put in place measures to help their
colleagues transition quickly from face-to-face to fully online learning. For instance, lecturers had to use
short and compressed videos and less data-intensive PowerPoints, audios and PowerPoint voice-overs so
that the content was accessible to all students. In addition, subject matter experts in various law
departments formed social media groups, mainly WhatsApp, headed by tutors, thus supplementing the
learning on the primary LMS platform (Blackboard). Some assessments were able to take place on the
social media platforms, and some students could send their assignments by email directly to their
lecturers if they could not log in to Blackboard for whatever reason, including poor connectivity (it is
worth noting that social media uses less data than the primary Blackboard LMS). The social, cognitive
and instructional engagement took part in these WhatsApp groups, with the tutors and lectures, resulting
in a rich community of practice (Rambe et al., 2020; Wenger, 2011). For the students who could log into
Blackboard, lecturers had live web conferencing sessions that promoted student-to-student and student-
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to-lecturer interaction. During the web-conferencing sessions, the students interacted with their lecturers
by raising their hands, using emojis, asking and answering questions, and presenting or leading
discussions. In turn, the lectures could place the students into breakout rooms to discuss academic issues
or use the polling tool to check for their student understanding, therein replicating a traditional face-toface classroom. These live sessions were recorded and compressed so that the video recordings were
available to the students who failed to attend the live sessions in real-time due to poor connectivity or
lack of data during the daytime. The students could then play or download the recordings at night during
off-peak times when data was cheaper.
For psychological services, the Centre for Psychological Services and Career Development also
provided psychological support to students and lecturers who needed help virtually.
Regarding technical support, the law faculty and other students could consult a help desk facility
through email and telephonically, and support was readily available within 24 hours. The first-year
students were offered a hands-on online orientation to familiarize themselves with the learning
management system (they had to participate in online discussions and submit various assignments with
the help of instructional designers). The law library also supported students by teaching them how to use
libguides essential for the law discipline. The English for Law Students Department also helped the
students with their communication skills. Last but not least, the law students, like any other student in
the university, could also access the Learning Off-Campus module, which had how-to steps, for
instance, on time management, how to submit assessments, how to save data, how to cope with stress
and tips to learn online to mention a few.
Participants
The law students took part in an online survey on their online learning experience at the end of 2020.
One hundred and ninety-seven students were involved, of which 113 (54.7%) were female, and 84
(42.6%) were male. Of these students who completed the online questionnaire, 53.8% were first years
(undergraduate), 16.8 % second years (undergraduate), 9.6% third years (undergraduate), 9.6% fourth
years (undergraduate), and 10.2% were all postgraduate students.
Of these students, 114 (57%) were in the 18-21 age group, 50 (25.4%) in the 22-5 age group, 12 (6.1%)
in the 26-29, and 21 were above 30 (10.7%) years old. A majority 82.2 % of the students were black,
10.2% were white, 3% Indian, 4.6%, colored and 2% other. Students living in Gauteng represented
71.1% of the students, 8,6% lived in Kwa-Zulu Natal, 5.6% in Limpopo, 3.6% in Eastern Cape, 4.1% in
North West, 2% in Free State Province, and 1.5% were international students.
Technological, Pedagogical and Social Findings
The following section reports the technological, pedagogical, and social aspects of the teaching and
learning process.
Remote Teaching and Poor Connectivity
The most common devices used to access online educational resources were laptops and smartphones.
Regarding device ownership, 89.3% of the students owned the devices; 1.5% did not have a device; and
9.2% indicated that the device belonged to the university. The university in question provided some
connecting devices to its students. This agrees with the 2020 World Bank Report, which states that wellresourced universities are most likely to transition better.
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Regarding a place to stay, 44.2% of the students stayed in urban areas; 38.1% in townships; 15.7% in
rural areas and 4% on farms. The students accessed their online learning from different places. Students
who accessed their online learning from home represented 86.3%; and 5.6% had connectivity some
distance from home. In terms of connectivity, 4.6% of the students accessed their online learning from a
relative’s home; 2% from an internet café; 0.5% from a friend's home; 0.5% from a shopping center; and
0.5% from their neighbor’s home. This result is consistent with findings from several authors
(Agormedahet al., 2020; Adnan & Anwar, 2020; Adedoyin & Soykan; Dube, 2020), who reported that
some of the students working from home have poor internet access, especially students in remote rural
areas and marginalized communities. Furthermore, this is consistent with the fact that transitioning to
online learning from traditional or blended delivery is difficult and complex (World Bank, 2020) since
due to the outbreak of the coronavirus pandemic, the students no longer enjoyed on-campus
connectivity.
Socio-Economic Backgrounds
Some of the students reported that they shared their devices with family members. Of the students, 60%
who took part in the survey did not share their connecting devices with their family members, but 10.2%
did share, and 25.9% sometimes did. This finding is consistent with the fact that students from poor
socio-economic backgrounds did not own internet accessing devices (Adedoyin & Soykan, 2020;
Hussein et al., 2020; Dube, 2020). During the on-campus learning before the COVID-19 disruption, the
students who had lost devices could use the computers available in the labs. It is worth noting that all the
students were provided with devices at this university in their first year, and during the pandemic, loan
devices were made available, but for some unknown reasons, the devices remained uncollected.
Poor Learning Environments
Some students reported that their homes were not conducive to online learning. Of the students, 52.3%
said they experienced significant distraction at home; while 23.9% said they experienced some
distractions; and 23.9% did not experience any distractions. This result is in line with Adedoyin and
Soykan (2020), who reported that in some homes, the environment with pets or human disruptions was
not conducive to the online learning process.
Regarding time spent on online learning per day, 32.5% of the students spent more than four hours;
while 34% spent between three and four hours; 27.4% spent between one and two hours; and 6.1%
spent less than one hour. This result supports findings conducted by Agormedah et al. (2020), and
Hussein et al. (2020), who reported that students lacked the time management and organization skills
needed for successful online learning. In addition, some of the students may have had bad attitudes or a
lack of discipline (Bao, 2020; Adedoyin & Soykan, 2020; Dhawan, 2020). One would have expected the
students to spend more hours online. However, it is worth noting that data costs and connectivity issues
could have curtailed their use of the internet.
Saving Data
Regarding study times, 34.5% of students preferred to access online learning between 12:00 pm and
5:59 pm; 23.4% preferred to access online learning between 12:00 am and 5:59 am; and 21.8% of the
students between 6:00 pm. and 11:59 pm, and 21.8% between 6:00 am and 11:59 am. Some of the
students worked during the night to use the off-peak 20G of data that the university provided, since
daytime data was more expensive.
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The high data cost prohibited some students from logging onto the learning management system
frequently and watching live sessions because they are data-intensive and expensive. A majority 59
percent of the students logged onto the learning management system more than four times a week;
61.4% of the students preferred recorded sessions; 19.3 % preferred live sessions; and 19.3% did not
have any preference. A majority 73.1% of the students downloaded module materials and worked offline
on their computers; 19.3% worked equally online and offline; and 7.1% worked on the modules entirely
online. Of these students, 52% indicated that learning materials (e.g. videos, PowerPoint with voiceovers) were generally data-intensive; 29.9% indicated sometimes it was data expensive, and 17.3% did
not have problems. The university provided 10G daytime and 20G ‘night-owl’ data, where 58.9% of the
students indicated that the quality of their online learning could improve by increasing daytime data,
while 25.4% said the data provided by the university was sufficient, and13.4% indicated that they did
not receive any data. Interestingly, 2% wanted the night data allocation increased.
The statistics mentioned above show that the students were trying to save data. These strategies include
working offline, logging into the LMS infrequently, and working at night during off-peak data regimes.
In addition, the students complained about some lecturers using data-intensive materials. These results
are consistent with some of the findings reported by several authors (Ali, 2020; Bao, 2020; Hussein et
al., 2020; Toquero, 2020).
Learning Platforms Used
Blackboard is the official learning management system used by the university. Some lecturers used other
social media channels that are less data-intensive and use low bandwidth. The following statistics show
that the majority 79.7% of students mainly accessed online learning materials on Blackboard; 11.7% on
WhatsApp; 5.6% used emails from the lecturers or tutors; and 3% used other platforms. Blackboard
(69.7%) and emails (24.1%) were preferred platforms for posting assignments. A majority 64.5% of
students used Blackboard for accessing online content, and 34% used WhatsApp. The above statistics
are consistent with the fact that some lecturers also became highly innovative at using the new online
tools to deliver content (World Bank, 2020; Toquero, 2020).
DATA ANALYSIS
The Statistical Packages for Social Science (SPSS) version 26 was used to analyze the data. The items
for price value were reverse coded for consistency.
Descriptive analyses and exploratory factor analysis simplified and validated the questionnaire by
checking for unidimensionality and internal validity by measuring Cronbach’s alpha, composite
reliability (CR), and average variance extracted (AVE). In addition, convergent and discriminant
validity were established from the scales.
The researchers used Amos version 26, confirmatory factor analysis, to verify the factor structure and
the measurement model’s fit to the data explored earlier during the exploratory factor analysis process.
Validation of Questionnaire
Exploratory factor analysis using principal axial factoring was used to validate the questionnaire.
According to Child (2006), exploratory factor analysis is essential when developing new scales. A new
scale was adapted from the UTAUT2 theoretical framework to fit the online context. During validation,
items that had poor loadings or did not fit the cluster or construct were discarded. The sampling
adequacy test showed that exploratory factor analysis could be applied.
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Sampling Adequacy Tests; KMO and Bartlett's Test
The Kaiser-Meyer-Olkin (KMO) Test measured the sampling adequacy (the suitability of the data for
factor analysis). Table 2 below shows the KMO values for all the constructs.
Table 2
The Results of Kaiser-Meyer-Olkin (KMO) and Bartlett Test of Sphericity for All Scales
KMO Measure of
Sampling Adequacy

Measures

Bartlett's Test of Sphericity
Approx. Chi-Square
df

p

PE

.823

399.073

6

.000

EE

.842

572.889

6

.000

SI

.730

588.504

10

.000

HT

.670

245.827

3

.000

BI

.733

477.132

3

.000

HM

.675

562.824

3

.000

FC

.650

251.571

3

.000

BU

.683

203.990

3

.000

PV

.705

272.797

6

.000

Note. PE = performance expectancy; EE = effort expectancy; SI = social influence; HT
= habit; BI = behavioral intention; HM = hedonic motivation; FC = facilitating
conditions; BU = behavioral use; PV = price value.

The KMO for each construct was greater than the minimum 0.5, indicating good sampling adequacy.
According to Backhaus et al. (2016), values of KMO less than 0.5 are unacceptable; values greater than
0.5 miserable; values greater than 0.6 mediocre; values greater than 0.7 middling; values greater than
0.8 meritorious; and values greater than 0.9 marvellous. From Table 2, the KMOs values ranged from
mediocrity to meritorious, which is acceptable.
Bartlett's test of sphericity was 0.00, which is less than 0.05 of the significance level, indicating that the
constructs were somehow related. In addition, the anti-image correlations for each construct’s items with
values greater than 0.5 were kept, thereby indicating some good sampling adequacy (Hauben et al.,
2017). Table 3 below shows the results.
Table 3
Anti-Image Correlation for the Constructs
Item

PE

EE

1

.832*

.858*

2

.802*

.809*

3

.825*

.840*

SI

HT

BI

HM

FC

BU

PV

.628*

.791*

.798*

.617*

.674*

.665*

.665*

.628*

.780*

.664*

.611*

.637*

.676*

.672*

.848*

.708*

.759*

.814*

.774*

.738*
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Item
4

PE

EE

SI

.836*

.869*

.894*

5

.728*

6

.748*

HT

BI

HM

FC

BU

PV

.781*

7

Note. Item numbers with blanks refer to the excluded items because they did not
add to the unidimensionality for that construct. The items for SI represent social
norms and descriptive norms. PE = performance expectancy; EE = effort
expectancy; SI = social influence; HT = habit; BI = behavioral intention; HM =
hedonic motivation; FC = facilitating conditions; BU = behavioral use; PV =
price value.
*

p < .05.

Multicollinearity
Another assumption for factor analysis is that there must be no multicollinearity (items are not highly
correlated to each other) in the data. Multicollinearity was measured by calculating the determinant of
the matrix. All the constructs had determinants greater than 0.0001, indicating that they were not highly
correlated (Field, 2018), which is desirable (see Table 4).
Table 4
The Determinants Values for the Constructs
Construct

Determinant

No. of Items

PE

.842

4

EE

.392

4

SI

.764

5

HT

.184

3

BI

.428

3

HM

.562

3

FC

.339

3

BU

.170

3

PV

.401

4

Note. PE = performance expectancy EE = effort
expectancy SI = social influence; HT = habit; BI
= behavioral intention; HM = hedonic motivation;
FC = facilitating conditions; BU = behavioral
use; PV = price value.
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Factor Analysis
Exploratory factor analysis (EFA) using the principal factor axis (PFA) was undertaken to check
whether the items in each construct formed a single–factor solution or measured the same thing
(unidimensionality). Loadings that were low and less than 0.5 and loadings that did not contribute to
unidimensionality (had a two-factor solution) were discarded. Table 5 below shows the factor loadings
for each item of the constructs.
Table 5
The Factor Loadings for Each Construct Scale
Item

PE

EE

1

.773

.805

2

.849

.921

3

.790

4

.803

SI

HT

BI

HM

FC

BU

PV_rc

.878

.883

.878

.815

.769

.672

.704

.877

.890

.984

.851

.889

.852

.894

.712

.600

.949

.900

.536

.646

.724

.805

.708

5

.787

6

.788

7

.590

Note. Item numbers with blanks refer to the excluded items because they did not
add to the unidimensionality for that construct. The items for SI represents social
norms and descriptive norm. PE = performance expectancy EE = effort expectancy
SI = social influence; HT = habit; BI = behavioral intention; HM = hedonic
motivation; FC = facilitating conditions; BU = behavioral use; PV = price value.

Reliability and Validity
Reliability is the measurement of the internal consistency of related items in a group. The Cronbach’s
alpha results for the different constructs were greater than or equal to 0.8 (rounded to 1 decimal place),
thereby indicating good internal consistency (Tavakol & Dennick, 2011) (see Table 6).
Table 6
The Cronbach's Alpha and Mean Score Values for the Constructs

PE

Cronbach's
Alpha
.878

4.53

No. of
Items
4

EE

.918

4.62

4

SI

.857

4.65

5

HT

.824

4.60

3

BI

.923

4.59

3

HM

.943

4.27

3

Construct

Mean Score
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FC

Cronbach's
Alpha
.773

BU

.807

Construct

5.05

No. of
Items
3

6.01

3

Mean Score

PV
.797
3.12
4
Note. PE = performance expectancy EE = effort expectancy
SI = social influence; HT = habit; BI = behavioral intention;
PV = price value; HM = hedonic motivation; FC =
facilitating conditions; BU = behavioral use; SI = social
influence

However, Cronbach’s alpha may underestimate scale reliability (Trizano-Hermosilla & Alvarado, 2016).
Raykov and Shrout (2002) posited that composite reliability is more accurate than Cronbach’s alpha.
Composite reliability measures the overall reliability of a collection of heterogeneous but similar items,
whereas average variance extracted (AVE) is the measure of the amount of variance captured by a
construct in comparison to the amount of variance due to measurement error (see Hair et al., 2006;
Fornell & Larcker, 1981). An online calculator was used to calculate the composite reliability and AVE
values (see Colwell, 2016). Table 7 below shows the composite reliability and AVE for the individual
constructs.
Table 7
Correlation Matrix, CR and the Square Root of the AVE for Each Key Construct
Construct

CR

AVE

PE

EE

SI

HT

BI

HM

FC

PE

0,880

0,647

0.804

EE

0,917

0,736

0.832

0.858

SI

0,944

0,850

0.667

0.679

0.922

HT

0,834

0,633

0.744

0.784

0.711

0.796

BI

0,920

0,794

0.736

0.744

0.643

0.736

0.891

HM

0,944

0,850

0.753

0.746

0.661

0.749

0.711

0.922

FC

0,785

0,558

0.564

0.657

0.531

0.534

0.506

0.577

0.747

PV

0,558

0,513

0.375

0.366

0.283

0.282

0.307

0.304

0.257

PV

BU

0.716

BU
0,815
0,599
0.364
0.367
.0369
0.338
0.280
0.254
0.419 -.0.025 0.774
Note. The values on the diagonal (in bold) are the square root of average variance extracted (AVE) estimates. PE =
performance expectancy; EE = effort expectancy; SI = social influence; HT = habit; BI = behavioral intention;
HM = hedonic motivation; FC = facilitating conditions; BU = behavioral use; PV = price value; CR = composite
reliability; AVE = average variance extracted.

Reliability is a precondition of validity (Venkatesh et al., 2013), and from Table 6, the Cronbach’s alpha
results are excellent, indicating validity tests can be done (Venkatesh et al., 2013). Construct validity
refers to when items in a construct are supposed to measure the intended construct (Venkatesh et al.,
2013). In this study, construct validity was measured using convergent and discriminant validity. All the
constructs have composite reliability values (CR) greater or equal to 0.7 and average variance values
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(AVEs) greater or equal to 0.5, thus indicating convergent validity (Hair et al., 2010). Discriminant
validity was met since the square root of the AVEs (bolded off-diagonals) are greater than the interconstruct correlations (Fornell & Larcker, 1981) except for EE.
CONFIRMATORY FACTOR ANALYSIS
Confirmatory Factor Analysis confirmed the factor structure and the fit of the measurement model to the
data explored earlier on during exploratory factor analysis. The maximum likelihood factor analysis in
AMOS 26.0 was used for the analysis. Two measurement models, the first one without modification (all
the items in the model included), and the second one after model modifications (when all items with
poor loadings were eliminated and co-varying error terms), were conducted. Figure 2 below shows the
first measurement model.
Figure 2
The First Measurement Model

Note. The rectangles (boxes) represent measured variables, and circles represent the unobserved
latent variables. The directional arrows imply that one variable has a direct effect on another. The
double-headed curved arrows imply a covariance between two variables (or a correlation in its
standardized form. The labelled circle or ellipses e1 to e29 represent the associated error (residual
error) in the observed variable. PE = performance expectancy; EE = effort expectancy; SI = social
influence; HT = habit; BI = behavioral intention; HM = hedonic motivation; FC = facilitating
conditions; BU = behavioral use; PV = price value.

The resultant model fit was assessed based on indices measuring the model’s acceptability. The Relative
Chi-square (CMIN/DF) was 2,368 (a value between 1 and 3 is acceptable). The Standardized Root Mean
Residual (SRMR) was 0.0751, which was less than the threshold of 0.08. The Comparative Fit Index
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(CFI) was 0.882, the Incremental Fit Index (IFI) was 0.884, the Normed Fit Index (NFI) was 0.882, the
Tucker Lewis Index (TLI) was 0.864, and the Non-normed Fit Index was 0.815, and all these values
were less than the minimum threshold 0.90 and 0.95, respectively. Consequently, the fit between the
data and the proposed model fell short. The modification of the model was conducted by systematically
removing items with factor loadings less than 0.5 or a modification index greater than ten and covarying error terms for the same constructs (see Fan et al., 2016). Figure 3 below shows the required fit
after covariance adjustment among error terms.
Figure 3
The Confirmatory Factor Analysis Model After Model Modification

Note. The rectangles (boxes) represent measured variables, and circles represent the unobserved
latent variables. The directional arrows imply that one variable has a direct effect on another. The
double-headed curved arrows imply a covariance between two variables (or a correlation in its
standardized form. The labelled circle or ellipses e1 to e29 represent the observed variable's
associated error (residual error). PE = performance expectancy; EE = effort expectancy; SI = social
influence; HT = habit; BI = behavioral intention; HM = hedonic motivation; FC = facilitating
conditions; BU = behavioral use; PV = price value.

Table 8 below shows the standardized regression weights of the observed variables (questionnaire items,
for instance, PE1, EE1 and SI2). The standard regression weights or factor loadings of the questionnaire
items (observed variables) have values at least 0.7 in size, indicating convergent validity.
The latent or unobserved variables were PE, EE, FC, HM, HT, SI, PV, BU and BI). In this analysis, the
items of all the latent variables except those constrained to 1 are significant, indicating that they fit the
measurement model. In addition, they all loaded at values greater than 0.5, which is desirable (Field,
2018).
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Table 8
Standardized Regression Weights
Standardized
Estimate

Relationship

SE

CR

HM1

<---

HM

,890

HM2

<---

HM

,976***

,046

23,492

HM3

<---

HM

,901***

,052

19,423

FC1

<---

FC

,736

FC2

<---

FC

,942***

,109

10,582

PV2_rc

<---

PV

,768

PV3_rc

<---

PV

,914***

,202

5,697

U1

<---

BU

,727

U2

<---

BU

,941***

,170

6,841

BI1

<---

BI

,887

BI2

<---

BI

,852***

,058

16,570

BI3

<---

BI

,946***

,052

20,535

HT1

<---

HT

,885

HT2

<---

HT

,871***

,069

16,019

PE1

<---

PE

,765

PE2

<---

PE

,767***

,081

12,922

PE3

<---

PE

,778***

,099

11,471

PE4

<---

PE

,831***

,099

12,421

EE1

<---

EE

,848

EE2

<---

EE

,902***

,064

16,933

***

,064

16,076

,072

13,198

,057

15,976

EE3

<---

EE

,877

EE4

<---

EE

,841***

S2

<---

SI

,936

S3

<---

SI

,893***

Note. PE = performance expectancy; EE = effort expectancy; SI =
social influence; HT = habit; BI = behavioral intention; HM =
hedonic motivation; FC = facilitating conditions;
BU = behavioral use; PV = price value.
***
p < .001.

The CR and AVE are two elements of construct validity used to check for convergent and discriminant
validity. The CR and AVEs values are larger than 0.7 and 0.5, respectively, indicating convergent
validity for all the constructs (Fornell & Larcker,1981). The square roots of the AVEs (highlighted in
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bold along the diagonal) for each construct are greater than the corresponding correlations, indicating
discriminant validity. However, PE and EE have validity concerns since the square root of the AVEs is
not greater than the correlations (bolded off-diagonals) in the corresponding rows and columns (see
Table 9).
Table 9
Correlation Matrix and the Square Root of the AVE for Each Key Construct
CR

AVE

SI

HM

FC

PV

BU

BI

HT

PE

SI

0,911

0,837

0,915

HM

0,812

0,812

0,566

0,901

FC

0,831

0,715

0,574

0,623

0,845

PV

0,831

0,713

0,039

0,195

0,118

0,844

BU

0,826

0,707

0,334

0,291

0,415

0,085

0,841

BI

0,924

0,803

0,683

0,755

0,609

0,237

0,285

0,896

HT

0,871

0,771

0,648

0,785

0,599

0,217

0,320

0,791

0,878

PE

0,866

0,617

0,611

0,830

0,635

0,313

0,427

0,815

0,874

0,785

EE

0,924

0,752

0,644

0,778

0,725

0,211

0,383

0,803

0,862

0,937

EE

0,867

Note. The values on the diagonal (in bold) are the square root of average variance extracted (AVE)
estimates. PE = performance expectancy; EE = effort expectancy; SI = social influence; HT = habit;
BI = behavioral intention; HM = hedonic motivation; FC = facilitating conditions; BU = behavioral
use; PV = price value; CR = composite reliability.

Table 10 below shows the measurement fit indices compared to the threshold values. All the
measurement fit indices are greater than the threshold values, indicating a good model fit (see Table 10
below for explanations).
Table 10
The Fit Measures
Model Fit Measures
Measure

Estimate

Threshold

Interpretation

CMIN

364,342

-

,000

DF

213

CMIN/DIF

1,711

CFI

,962

Greater than 1
but less than 3
CFI >0.95

Excellent
Excellent

Good fit Index
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Baseline Comparisons
Measure
The Tucker
Lewis
index (TLI)
Bollen’s
Incremental Fit
Index (IFI)

Estimate

Threshold

Interpretation

,951

0.90

Excellent

,963

IFI >0.95

Excellent

NFI

,915

Parsimony-Adjusted Measures
Measure

Estimate

Threshold

Interpretation

SRMR

,034

< 0.08

Excellent

RMSEA
,061
< 0.08
Excellent
Note. CFI = comparative fit index; RMSEA = the root mean square
error of approximation; CMIN/DF = discrepancy divided by degree
of freedom; DF = degree of freedom measures; CMIN = chi-square
value; NFI = normed fit index; SRMR = standardized root mean
squared residual

The final fit values were within the threshold ranges, henceforth presenting a good measurement model
fit (see Hu & Bentler, 1999). Table 10 above shows the cut-off points and the fitness of the model. The
CFI is equal to 0.962, which is greater than 0.95, resulting in an excellent model; the RMSEA is equal to
0.061, which is less than .08, indicating somehow a good model fit to the data (some authors suggest a
cut-off point of 0.06; see Hu & Bentler, 1999). The TLI is equal to 0.951, which is greater than 0.95,
resulting in an excellent model fit (see Hu & Bentler, 1999), and the SRMR is equal to 0.038, which is
less than 0.08, indicating an excellent fit. The Chi-square statistic (CMIN) was significant (it must be
insignificant for a good fit) probably because it is sensitive to sample size, but the ratio of CMIN to
degrees of freedom was equal to 1,711, which is within the required range between 1 and 3 (for cut-off
criteria for fit indices see Hu & Bentler, 1999; Schermelleh-Engel et al., 2003). Generally, the analyzed
model had a good fit, as indicated by the fit indices in Table 10 above. Consequently, the factor structure
and the measurement model fit were confirmed, indicating that one could further analyze hypothetical
relationship testing. In the next section, path analysis of the structural model shows the structural
relationships between the observed and latent variables.
Analysis of the Structural Model
The researchers employed SEM to evaluate the data fit with the structural model and the hypothesized
relationships. The UTAUT2 theoretical framework proposes that PE, EE, SI, PV, HT, FC and HM are
predictors of behavioral intention (BI) and that BI was a predictor of actual use (BU). In addition, all the
predictors, PE, EE, SI, PV, HT, FC and HM, were also tested to determine whether they influenced the
actual use (BU). The UTAUT2 had already predicted that FC and HT were predictors of BU (Venkatesh
et al., 2012). Figure 4 below shows the path analysis for the structural relationships between the latent
variables.
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Figure 4
Hypothesized Relationships for the Variables

Note. The rectangles (boxes) represent measured variables, and circles represent the unobserved
latent variables. The directional arrows imply that one variable has a direct effect on another. The
double-headed curved arrows imply a covariance between two variables (or a correlation in its
standardized form). The labelled circle or ellipses e1 to e29 represent the observed variable's
associated error (residual error). PE = performance expectancy; EE = effort expectancy; SI = social
influence; HT = habit; BI = behavioral intention; HM = hedonic motivation; FC = facilitating
conditions; BU = behavioral use; PV = price value.

The relationships amongst the proposed structural paths reflect their statistical significance level and
standardized loadings (see Table 11 below).
Table 11
Standardized Regression Weights
Relationship

Standardized
Estimate

SE

CR

p

BI

<---

HT

,140

,148

1,032

,302

BI

<---

PE

,396

,361

1,420

,156

BI

<---

HM

,148

,103

1,428

,153

BI

<---

FC

,034

,104

,402

,688
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Relationship

Standardized
Estimate

SE

CR

p

BI

<---

EE

,018

,279

,072

,942

BI

<---

SI

,235

,073

3,458

,001

BU

<---

BI

-,248

,095

-1,346

,178

BU

<---

SI

,133

,075

,975

,330

BU

<---

EE

-,835

,380

-1,260

,208

BU

<---

PV

-,324

,096

-2,382

,017

BU

<---

HT

-,146

,148

-,558

,577

BU

<---

PE

1,594

,569

1,877

,060

BU

<---

HM

-,362

,122

-1,533

,125

BU

<---

FC

,431

,122

2,262

,024

Note. PE = performance expectancy; EE = effort expectancy; SI
= social influence; HT = habit; BI = behavioral intention; HM
= hedonic motivation; FC = facilitating conditions; BU =
behavioral use; PV = price value.

From Table 11, paths SI → BI, PV→BU and FC → BU are all significant since p < .05 and p < .001.
Therefore, social influences behavioral intention to use and accept online learning. Price value and
facilitating conditions had a statistically significant effect on the online learning behavioral use and
acceptance. All the other constructs have no statistically significant effect on behavioral intention, and
behavioural intention has no statistically significant effect on behavioral use. Table 12 shows the
hypotheses results of the structural model.
Table 12
Hypothesis Testing Results
Hypothesis
Number
H1
H2
H3
H4

Hypothesized Relationship
PE has a positive influence on behavioral intention to accept and use online
learning
EE has a positive influence on behavioral intention to accept and use online
learning
SI has a positive influence on behavioral intention to accept and use online
learning
HT has a positive influence on behavioral intention to accept and use online
learning
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Hypothesized Relationship

Results
Not Supported

H8

HM has a positive influence on behavioral intention to accept and use online
learning
PV has a positive influence on behavioral intention to accept and use online
learning
FC has a positive influence on behavioral intention to accept and use online
learning
PV has a positive influence on behavioral use of online learning

H9

FC has a positive influence on behavioral use of online learning

Supported

H10

BI has a positive influence on behavioral use of online learning

Not Supported

H6
H7

Not Supported
Not Supported
Supported

Note: PE = performance expectancy; EE = effort expectancy; SI = social influence; HT = habit; BI = behavioral
intention; HM = hedonic motivation; FC = facilitating conditions; BU = behavioral use; PV = price value; H1
= hypothesis 1; H2 = hypothesis 2; H3 = hypothesis 3; H4 = hypothesis 4, H5 = hypothesis 5; H6 = hypothesis
6; H7 = hypothesis 7; H8 = hypothesis 8; H9 = hypothesis 9; H10 = hypothesis 10.

Proposed Structural Model Results
The Coefficient of determination R squared measures a model’s predictive accuracy. According to Hair
et al. (2014), R squared values of 75%, 50%, and 25% describe substantial, moderate, or weak levels of
predictive accuracy, respectively. Our model has a comparative good prediction power, since the model
accounted for 38.6% of behavioral use and 62.3% of behavioral intention to use online learning. This
result is comparable to Venkatesh et al.’s (2012) model using the UTAUT2 framework, which
accounted for 74% and 52% of behavioral intention and behavioural use of technology.
DISCUSSION AND FINDINGS
The findings are divided into two sections. The first section concerns the structural model, and the
second concerns the students’ technological, pedagogical, and social characteristics.
Structural Equation Modelling Findings
Out of the ten hypothesized relationships in the UTAUT2 framework, only three hypothesized structural
paths were supported or had statistically significant results.
Social Influence
The analysis of the hypothetical relation between social influence and behavioral intention produced a
significant result with the coefficient estimate at 0.235, p = .000, which confirms that hypothesis H3 is
supported. This result is consistent with the findings from several authors (Ain et al., 2016; Lee & Wan,
2010; Lewis et al., 2013; Tarhini et al., 2017; Taylor & Todd, 1995; Tseng et al., 2019; Venkatesh &
Davis, 2000; Widjaja et al., 2020). The authors (Lee & Wan, 2010; Taylor & Todd,1995; Venkatesh &
Davis, 2000) reported that social influence is essential in mandatory situations and the initial stages of
the experience, since the people with little or no prior experience will need significant others in forming
their intentions. In this case, the fully online experience was a new thing, and mandatory to the Faculty
of Law students at the advent of the pandemic. On social media platforms such as WhatsApp groups, the
students used chatting and messaging tools, sharing learning materials and media. In live web
conferences, interactive tools included emojis, polling, breakout rooms, chat, and audio and video
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functionalities. Asynchronous discussion boards and announcements in Blackboard were used to
strengthen the community of practice (Wenger, 2011) through communication (Aboagye et al., 2021).
These functionalities probably fostered a sense of togetherness and belonging among the students by
more or less replicating a traditional face-to-face scenario. The knowledgeable tutors who headed these
WhatsApp groups encouraged peer-to-peer and student to tutor/lecturer interactions. In addition, the
tutors and lecturers provided timely feedback, which is essential for student-lecturer
engagement/interaction (Hussein et al., 2020). The tutors’ and lecturers’ cognitive, social and
instructional presence fostered the spirit of a community of practice (social learning). These
communities probably helped students cope with psychological and educational problems they could
have experienced (Agormedah et al., 2020). In addition, the Centre for Psychological Services and
Career Development also provided psychological support to students and lecturers who needed help.
The statistically significant social influence result is consistent with findings from several authors
(Adedoyin & Soykan, 2020; Hussein et al., 2020), who indicated that students’ and lecturers’ physical,
mental, and psychological well-being required support for a successful online learning transition.
Consequently, the student did not feel despondent.
Price Value
The path analysis for hypothesis H8 revealed a significant relationship between price value and
behavioral use with a coefficient estimate of -0. 324; p = .017. Thus, price value is inversely
proportional to behavioral use, indicating that behavioral use increases when price value decreases. This
relationship means that, as the students and lecturers gain experience using online learning, they become
resourceful in saving data, and the converse holds. Several authors (Ali, 2020; Zhang et al., 2020)
propounded that some inexperienced lecturers lacked the online pedagogical instructional strategies to
deliver and design content. In addition, the World Bank (2020) reported that transitioning to online
teaching and learning requires “instructional approaches, content, pacing, interaction models, and
assessment” to be adapted to suit the online format, which is not easy for inexperienced lecturers (p.6).
For instance, some inexperienced lecturers’ poor pedagogical instructional strategies probably resulted
in data-intensive learning materials (long video, uncompressed narrative PowerPoints) that the
inexperienced students would use unquestioningly. However, with experience, the students would avoid
data-intensive materials and also, the lecturers would have optimal designs that use a lesser amount of
data suggesting that the students would use less data with more behavioral use.
However, this finding is inconsistent with findings from several authors (Tarhini et al., 2017; Venkatesh
et al., 2012; Widjaja et al., 2020 ), where price values influence behavioral intention rather than
behavioral use (see Table 9 above).
Facilitating Conditions
Hypothesis H9, linking facilitating conditions and behavioral use, was supported with a coefficient
estimate = 0. 431, p =.024; p < .05. The facilitating conditions directly influenced behavioral use. This
result does weaken the finding of a previous study conducted by Azizi et al. (2020) on the acceptance
and use of blended learning. However, the result strengthens the findings from Tseng et al. (2019) in the
acceptance and use of MOOCs; Lewis et al. (2013) in the adoption of emerging information technology
in higher education classrooms; Ain et al. (2016) in the acceptance of a learning management system;
Tandon (2020) in the adoption of online teaching by teachers, and the Venkatesh et al. (2003, 2012)
findings. This result strengthens the finding that technical support, tutors, and teaching assistants would
accelerate the transition to online learning (Bao, 2020).
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The help desk set up by the Centre for Academic Technologies to help with technical solutions; the
psychological support provided by Centre for Psychological Services and Career Development; the
hands-on online orientation provided to first-year students to familiarize them with the learning
management system; the support from the law library where the students were taught how to use
libguides; the English for Law (EFL) and the support from the writing center unit, which helped the
students with their communication skills; the Learning Off-Campus module (which had how-to steps
for instance on time management, how to submit assessments, how to save data, how to cope with stress
and tips to learn online to mention a few); the online pedagogical strategies/approaches used by lecturers
and tutors; the use of social media and emails as supplementary channels to Blackboard LMS; and the
synchronously and asynchronously social, cognitive and instructional presence of tutors and lecturers,
probably contributed to the statistically significant effect of facilitating conditions on behavioral use and
acceptance of online learning.
Statistically Non-Significant Constructs
Performance expectancy had no statistically significant effect on behavioral intention. This finding is
inconsistent with findings from several online learning contexts mentioned in the literature review (Ain
et al.,2016; Azizi et al., 2020; Brown & Licker, 2003; Lewis et al., 2013; Tandon, 2020; Tarhini et al.,
2017; Tseng et al., 2019). This result is also inconsistent with Chinyamurindi et al. (2017), who posit
that performance expectancy (perceived usefulness) had a statistically significant effect on behavioral
intention to use an online community at a rural university in South Africa.
Effort expectancy had no statistically significant effect on behavioral intention. This finding is
inconsistent with findings from several online learning contexts mentioned in the literature review in
Table 1 (Azizi et al., 2020; Widjaja et al., 2020) but dovetails with Chinyamurindi et al. (2017), where
effort expectancy (perceived ease of use) had no significant effect on behavioral intention to use an
online community at a rural university in South Africa. The importance of this result is that prior online
experience is not necessary for one to accept and use online learning. Effort expectancy has a temporary
setback on the behavioral intention at the beginning of mastering new technology, but difficulties
disappear with experience (Brown & Licker, 2003). According to Venkatesh et al. (2003), facilitating
conditions capture effort expectancy, and the two cannot coexist to influence behavioral intention (it is
worth noting that facilitating conditions affect the behavioral intention to accept and use online
learning). Consequently, effort expectancy does not influence behavioral intention in online learning in
pandemic conditions.
Habit had no statistically significant effect on behavioral intention. This finding is inconsistent with
findings from several online learning contexts mentioned in the literature review (Azizi et al., 2020;
Lewis et al., 2013; Tarhini et al., 2017; Widjaja et al., 2020).
Hedonic motivation had no statistically significant effect on behavioral intention. This finding is
inconsistent with findings from several online learning contexts mentioned in the literature review
(Azizi et al., 2020; Lewis et al., 2013; Tarhini et al., 2017; Widjaja et al., 2020). The pandemic meant
that the online learning environment was mandatory, unlike prior to it, where students had to be
motivated to accept and use online learning. Contrary to findings from several authors (Adedoyin &
Soykan, 2020; Rahm et al., 2021; Tiwari, 2020), there is no evidence that online learning demotivated
the students in this study.
Likewise, the behavioral intention had no statistically significant effect on behavioral use. This finding
is inconsistent with findings from several online learning contexts mentioned in the literature review in
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Table 1 (see Ain et al., 2016; Azizi et al., 2020; Lewis et al.,2013; Tandon,2020; Tseng et al., 2019;
Widjaja et al., 2020).
The pandemic, which disrupted traditional face-to-face learning from March 2020, can explain the
statistically insignificant effect of the construct (habit, hedonic motivation, and effort and performance
expectancy). COVID-19 forced learning institutions to shift from traditional face-to-face or blended
teaching to fully remote online teaching overnight (Zhang et al., 2020). However, this shift to fully
online learning for countries with developing economies was fraught with difficulty (World Bank,2020),
such as a lack of online technological, pedagogical strategies, stable, affordable, and reliable internet
(Adedoyin & Soykan, 2020; Agormedah et al., 2020; Dube, 2020). Since everything was new, students
and lecturers had to collaborate using social media platforms to supplement learning, thus creating
communities of practice and fostering social learning. Unlike pre-COVID-19 UTAUT2 studies, which
were somehow under voluntary conditions, the onset of COVID-19 forced students and lecturers to shift
to online learning, thereby creating a mandatory situation that dramatically changed the influence of
some of the constructs in the UTAUT2. Students had no choice but to be “motivated (hedonic
motivation), find online learning easy (effort expectancy) and useful (performance expectancy) and
acquire new online habits”. The new mandatory normal that emerged as central importance was the
effect of social influence on behavioral intention, facilitating conditions (support), and price value
(trade-offs between benefits and costs) on behavioral use.
Thus, the acceptance and use of online learning extend beyond course design, usefulness, and ease of
using the online learning system, as well as the good habits and motivation of the students. The
acceptance and use of online learning will require three primary elements, namely facilitating conditions
(good connectivity, data and internet connecting devices, student support); social influence; and price
value; it is only then that online learning will be accepted and used. Ain et al. (2016) concur that lack of
support will hamper the acceptance and use of online learning.
Theoretical Contributions
This study extended UTAUT2 to the online learning context during the COVID-19 pandemic. For
online learning, the most critical variable was the social influence that influenced behavioral intention to
use and accept online learning. Social influence accounted for 74.4% of the explained variance. PreCOVID-19 studies on the acceptance of online learning indicated the influence of other variables such
as hedonic motivation, habit, effort and performance expectancy on behavioral intention (see Table 1).
While many previous pre-COVID-19 studies propose a path between behavioral intention and price
value, this study found that there was only a path between price value and actual use. This finding is
ground-breaking, and emphasizes the importance of price value in countries with developing economies
with expensive data prices and high internet-connected device costs. Facilitating conditions also
influenced the actual use and acceptance of online learning. Facilitating conditions and price value
accounted for 38.5% of the explained variance, which compares favorably with 40% of the variance in
use in previous UTAUT2 studies. In addition, this study validated the questionnaire as a means for
collecting data for future research.
Practical Contributions and Implications/Policy
The findings will go a long way in assisting lecturers and institutions in adopting full-blown online
learning, especially during another pandemic. The institutions will know that the most critical factors in
online learning are the facilitating conditions and the price value for variables such as devices and data.
The other important aspect is the social influence that fosters communities of practice and learning from
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one another, supported by social media and student engagement tools in the LMS (discussions boards
and web conferencing tools) that are important for the behavioral intention to accept online learning.
The Implication for Countries with Developing Economies
The price value has far-reaching implications. Price value will determine whether the students have
access to the internet and connecting devices and pay for the connectivity data. The availability of data
and internet connecting devices may be limited in countries with developing economies. However,
countries with developing economies should put measures in place to mitigate these problems, by
entering into negotiations with telecommunication service providers to zero-rate their learning
management systems and other relevant websites and organizing affordable data plans for students. In
addition, governments, private sector entities and universities can combine their resources to supply
internet connecting devices to deserving students who may not be able to afford them, and make internet
available to all their citizens.
Limitations
The study was limited to one faculty and one university out of many universities in South Africa, which
could have been a limitation. Conducting the study in South Africa, which has a relatively robust
connectivity infrastructure when compared to other African countries, causes a limitation, since the
findings may not apply to countries with a poor connectivity infrastructure. This delimits the
generalizability of the findings. Students from other universities in South Africa and beyond South
Africa need to participate in the same study to draw conclusive results. In addition, social desirability
could have affected the validity of self-reported scales. The sample was not that large, and thus probably
affected the model fit measures. Even though the study had sufficient validity and reliability, a larger
sample is still necessary. Unseen factors could have also affected the acceptance and use of online
learning.
Future Research
Future research can build on the study by testing the theory in different countries and age groups. In
addition, the influence of moderators such as age, gender, and year of study require inclusion when a
large sample is in place.
CONCLUSION
The extended UTAUT2 framework was validated and showed a good measurement model fit. The
structural equation modelling then confirmed the fit between the data and the model and supported the
three hypothesized relationships. The results revealed that during the COVID-19 pandemic, behavioral
intention to use and accept online learning was affected by social influence. In pre-COVID19 studies, a
host of variables, performance and effort expectancy, facilitating conditions, habit, hedonic motivation
and price value, influenced behavioral intention to use online learning (see Table 1). Facilitating
conditions and price value did not influence behavioral intention, but use behavior. These new findings
are inconsistent with the pre-COVID-19 studies, where the context was more or less voluntary.
However, in this case, the pandemic forced students and lecturers to switch to mandatory online learning
settings, thereby lending extra importance to social influence, facilitating conditions, and price value.
Interestingly, the price value decreases with more use, since price value and behavioral use are inversely
related. The implication is that online learning becomes cheaper with an accumulated lecturer and
student experience. Broad institutional support, social learning, affordable internet connecting devices
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and data are vital for online learning acceptance and use. In short, the acceptance and use of online
learning are affected in times of a pandemic, which results in mandatory online learning. The behavioral
intention was no longer as critical as in voluntary pre-COVID-19 studies, since the students had the free
will to choose whether or not accept or use the technology. However, in this setting, online learning
during the pandemic forced the students to both accept it and to use it, noting that in this study, there is
no influence of behavioral intention on behavioral use.
REFERENCES
Aboagye, E., Yawson, J. A., & Appiah, K. N. (2021). Covid-19 and e-learning: The challenges of students in tertiary
institutions. Social Education Research, 2(1)1-8. https://doi.org/10.37256/ser.122020422
Adarkwah, M. A. (2021). "I'm not against online teaching, but what about us?": ICT in Ghana post Covid-19. Education and
Information Technologies, 26(2), 1665–1685. https://doi.org/10.1007/s10639-020-10331-z
Adedoyin, O. B., & Soykan, E. (2020). Covid-19 pandemic and online learning: The challenges and opportunities. Interactive
Learning Environments, 1–13. https://doi.org/10.1080/10494820.2020.1813180
Adeleye, N., & Eboagu, C. (2019). Evaluation of ICT development and economic growth in Africa. NETNOMICS: Economic
Research and Electronic Networking, 20(1), 31–53. https://doi.org/10.1007/s11066-019-09131-6
Adnan, M., & Anwar, K. (2020). Online learning amid the Covid-19 pandemic: Students' perspectives. Online
Submission, 2(1), 45–51. https://doi.org/10.33902/JPSP.2020261309
Agormedah, E. K., Henaku, E. A., Ayite, D. M. K., & Ansah, E. A. (2020). Online learning in higher education during
Covid-19 pandemic: A case of Ghana. Journal of Educational Technology and Online Learning, 3(3), 183–210.
https://doi.org/10.31681/jetol.726441
Ain, N., Kaur, K., & Waheed, M. (2016). The influence of learning value on learning management system use: An extension
of UTAUT2. Information Development, 32(5), 1306–1321. https://doi.org/10.1177/0266666915597546
Ali, W. (2020). Online and remote learning in higher education institutes: A necessity in light of Covid-19 pandemic. Higher
Education Studies, 10(3), 16–25. https://doi.org/10.5539/hes.v10n3p16
Alsharo, M., Alnsour, Y., & Alabdallah, M. (2020). How habit affects continuous use: Evidence from Jordan's national health
information system. Informatics for Health and Social Care, 45(1), 43–56.
https://doi.org/10.1080/17538157.2018.1540423
Apandi, A. M., & Raman, A. (2020). Factors affecting successful implementation of blended learning in higher
education. International Journal of Instruction, Technology, and Social Sciences, 1(1), 13–23.
Azizi, S. M., Roozbahani, N., & Khatony, A. (2020). Factors affecting the acceptance of blended learning in medical
education: Application of UTAUT2 model. BMC Medical Education, 20(1), 1–9. https://doi.org/10.1186/s12909020-02302-2
Backhaus, K., Erichson, B., Plinke, W., & Weiber, R. (2016). Multivariate analysemethoden. Springer Berlin Heidelberg.
https://doi.org/10.1007/978-3-662-46076-4
Bao, W. (2020). Covid‐19 and online teaching in higher education: A case study of Peking University. Human Behavior and
Emerging Technologies, 2(2), 113–115. https://doi.org/10.1002/hbe2.191
Brown, I., & Licker, P. (2003). Exploring differences in internet adoption and usage between historically advantaged and
disadvantaged groups in South Africa. Journal of Global Information Technology Management, 6(4), 6–26.
https://doi.org/10.1080/1097198X.2003.10856358
Child, D. (2006). The essentials of factor analysis. A&C Black.
Chinyamurindi, W. T., Mahembe, B., Chimucheka, T., & Rungani, E. (2017). Factors influencing student usage of an online
learning community: The case of a rural South African university. International Journal of Education Economics
and Development, 8(2-3), 116–132. https://doi.org/10.1504/IJEED.2017.086509
Chiu, T. K., Lin, T. J., & Lonka, K. (2021). Motivating online learning: The challenges of Covid-19 and beyond. The AsiaPacific Education Researcher, 30(3), 187–190. https://doi.org/10.1007/s40299-021-00566-w
Clark, L. A., & Watson, D. (2019). Constructing validity: New developments in creating objective measuring instruments.
Psychological assessment, 31(12), 1412–1427. https://doi.org/10.1037/pas0000626
Colwell, Scott R. (2016). The composite reliability calculator. Technical Report, https://doi.org/10.13140/RG.2.1.4298.088
Dhawan, S. (2020). Online learning: A panacea in the time of Covid-19 crisis. Journal of Educational Technology
Systems, 49(1), 5–22. https://doi.org/10.1177/0047239520934018
Dube, B. (2020). Rural online learning in the context of COVID 19 in South Africa: Evoking an inclusive education
approach. Multidisciplinary Journal of Educational Research, 10(2), 135–157.
https://doi.org/10.17583/remie.2020.5607

The African Journal of Information Systems, Volume 14, Issue 1, Article 3

76

Goto and Munyai

The Acceptance and Use of Online Learning

Fan, Y., Chen, J., Shirkey, G., John, R., Wu, S. R., Park, H., & Shao, C. (2016). Applications of structural equation
modelling (SEM) in ecological studies: An updated review. Ecological Processes, 5(1), 19–31.
https://doi.org/10.1186/s13717-016-0063-3
Farah, M. F., Hasni, M. J. S., & Abbas, A. K. (2018). Mobile-banking adoption: Empirical evidence from the banking sector
in Pakistan. International Journal of Bank Marketing., 36(7), 1386–1413. https://doi.org/10.1108/IJBM-10-20170215
Ferri, F., Grifoni, P., & Guzzo, T. (2020). Online learning and emergency remote teaching: Opportunities and challenges in
emergency situations. Societies, 10(4), 86–104. https://doi.org/10.3390/soc10040086
Field, A. (2018). Review of discovering statistics using IBM SPSS statistics. Sage
Fornell, C., & Larcker, D. F. (1981). Evaluating structural equation models with unobservable variables and measurement
error. Journal of Marketing Research, 18(1), 39–50. https://doi.org/10.1177/002224378101800104
Goto, J., Batchelor, J., & Lautenbach, G. (2019). The influence of descriptive and social norms in the acceptance and use of
online formative feedback in an undergraduate module. Institute of Science and Technology Education College of
Graduate Studies University of South Africa, 3(1) 6–369.
Goto, J; Batchelor, J & Lautenbach, G. (2021). "Factors that influence the acceptance and use of formative feedback in an
online undergraduate module". The African Journal of Information Systems, 13(3), 1–38.
https://digitalcommons.kennesaw.edu/ajis/vol13/iss3/1
Hair Jr, J. F., Sarstedt, M., Hopkins, L., & Kuppelwieser, V. G. (2014). Partial least squares structural equation modelling
(PLS-SEM): An emerging tool in business research. European Business Review, 26(2) 1–16.
https://doi.org/10.1108/EBR-10-2013-0128
Hair Jr., J. F., Anderson, R. E., Tatham, R. L., & Black, W. C. (1998). Multivariate data analysis (5th Ed.). Prentice Hall.
Hair, J., Black, W., Babin, B.,& Anderson, R. (2010). Multivariate data analysis (7th ed.), Prentice-Hall, Inc.
Hair, Jr., JF, Black, WC, Babin, BJ, Anderson, RE, Tatham, RL. (2006.) Multivariate data analysis (6th Ed.), PearsonPrentice Hall
Hair Jr, J. F., Sarstedt, M., Hopkins, L., & Kuppelwieser, V. G. (2014). Partial least squares structural equation modeling
(PLS-SEM): An emerging tool in business research. European Business Review. 26(2), 106-121.
https://doi.org/10.1016/j.jfbs.2014.01.002
Hauben, M., Hung, E., & Hsieh, W. Y. (2017). An exploratory factor analysis of the spontaneous reporting of severe
cutaneous adverse reactions. Therapeutic Advances in Drug Safety, 8(1), 4–16.
https://doi.org/10.1177/2042098616670799
Hedding, D. W., Greve, M., Breetzke, G. D., Nel, W., & Van Vuuren, B. J. (2020). Covid-19 and the academe in South
Africa: Not business as usual. South African Journal of Science, 116(7-8), 1–3.
https://doi.org/10.17159/sajs.2020/8298
Hu, L., & Bentler, P. M. (1999). Cutoff criteria for fit indexes in covariance structure analysis: Conventional criteria versus
new alternatives. Structural Equation Modeling, 6(1), 1−55. https://doi.org/10.1080/10705519909540118
Hussein, E., Daoud, S., Alrabaiah, H., & Badawi, R. (2020). Exploring undergraduate students' attitudes towards emergency
online learning during Covid-19: A case from the UAE. Children and Youth Services Review, 119, 105699
https://doi.org/10.1016/j.childyouth.2020.105699
Lee, C., & Wan, G. (2010). Including subjective norm and technology trust in the technology. ACM SIGMIS Database: The
DATABASE for Advances in Information Systems, 41(4) 40–51. https://doi.org/10.1145/1899639.1899642
Lewis, C. C., Fretwell, C. E., Ryan, J., & Parham, J. B. (2013). Faculty use of established and emerging technologies in
higher education: A unified theory of acceptance and use of technology perspective. International Journal of Higher
Education, 2(2), 22–34. https://doi.org/10.5430/ijhe.v2n2p22
Limayem, M., & Hirt, S. G. (2003). Force of habit and information systems usage: Theory and initial validation. Journal of
the Association for information Systems, 4(1), 3. https://doi.org/10.17705/1jais.00030
Limayem, M., Hirt, S. G., & Cheung, C. M. (2007). How habit limits the predictive power of intention: The case of
information systems continuance. MIS Quarterly, 31(4), 705–737. https://doi.org/10.2307/25148817
Maatuk, A. M., Elberkawi, E. K., Aljawarneh, S., Rashaideh, H., & Alharbi, H. (2021). The Covid-19 pandemic and elearning: Challenges and opportunities from the perspective of students and instructors. Journal of Computing in
Higher Education, 34(1), 21–38.. https://doi.org/10.1007/s12528-021-09274-2
Manca, F., & Meluzzi, F. (2020). Strengthening online learning when school are closed: The role of families and teachers in
supporting students during the COVID-19 crisis. OECD. https://www.oecd.org/coronavirus/policyresponses/strengthening-online-learning-when-schools-are-closed-the-role-of-families-and-teachers-in-supportingstudents-during-the-covid-19-crisis-c4ecba6c/
Mhlanga, D., & Moloi, T. (2020). Covid-19 and the digital transformation of education: What are we learning on 4IR in
South Africa?. Education Sciences, 10(7), 180. https://doi.org/10.3390/educsci10070180

The African Journal of Information Systems, Volume 14, Issue 1, Article 3

77

Goto and Munyai

The Acceptance and Use of Online Learning

OECD. (2020). Learning remotely when schools close: How well are students and schools prepared? Insights from PISA,
OECD Publishing, Paris. https://www.oecd.org/coronavirus/policy-responses/learning-remotely-when-schoolsclose-how-well-are-students-and-schools-prepared-insights-from-pisa-3bfda1f7/
Pitan, O. S., & Muller, C. (2019). Students' self-perceived employability (SPE): Main effects and interactions of gender and
field of study. Higher Education, Skills and Work-Based Learning 10(2), 355–368.
https://doi.org/10.1108/HESWBL-03-2019-0040
Polites, G. L. (2009). The duality of habit in information technology acceptance [Doctoral dissertation, University of
Georgia]. https://getd.libs.uga.edu/pdfs/polites_greta_l_200905_phd.pdf
Purwanto, A., & Sudargini, Y. (2021). Partial least squares structural squation modeling (PLS-SEM) analysis for social and
management research: A literature review. Journal of Industrial Engineering & Management Research, 2(4), 114–
123.
Rahi, S., Ghani, M., & Ngah, A. (2018). A structural equation model for evaluating user's intention to adopt internet banking
and intention to recommend technology. Accounting, 4(4), 139–152. https://doi.org/10.5267/j.ac.2018.3.002
Rahm, A. K., Töllner, M., Hubert, M. O., Klein, K., Wehling, C., Sauer, T., Hennemann, H. M., Hein, S.,Kender, Z.,Gunther,
J., Wagenlechner, P., Bugaj, T.J., Nikendei. C. & Schultz, J. H. (2021). Effects of realistic e-learning cases on
students' learning motivation during Covid-19. PLOS ONE, 16(4), 1–13.
https://doi.org/10.1371/journal.pone.0249425
Rambe, P., Chipunza, C., & Ng'ambi, D. (2020). Using WhatsApp for co-creation of learning resources: A case of a South
African university. TD: The Journal for Transdisciplinary Research in Southern Africa, 16(1), 1–15.
https://doi.org/10.4102/td.v16i1.791
Raykov T., & Shrout P. E. (2002). Reliability of scales with general structure: Point and interval estimation using a structural
equation modeling approach. Structural Equation Modeling, 9(2) 195 -212.
https://doi.org/10.1207/S15328007SEM0902_3
Schermelleh-Engel, K., Moosbrugger, H., & Müller, H. (2003). Evaluating the fit of structural equation models: Tests of
significance and descriptive goodness-of-fit measures. Methods of Psychological Research Online, 8(2), 23–74.
Susilawati, S., & Supriyatno, T. (2020). Online learning through WhatsApp group in improving learning motivation in the
era and post pandemic COVID-19. Jurnal Pendidikan: Teori, Penelitian, dan Pengembangan, 5(6), 852–859.
https://doi.org/10.17977/jptpp.v5i6.13670
Tandon, U. (2020). Factors influencing adoption of online teaching by school teachers: A study during Covid‐19
pandemic. Journal of Public Affairs, 21(4), 1–11. https://doi.org/10.1002/pa.2503
Tarhini, A., Deh, R. M., Al-Busaidi, K. A., Mohammed, A. B., & Maqableh, M. (2017). Factors influencing students'
adoption of e-learning: A structural equation modeling approach. Journal of International Education in
Business, 10(2), 164–182. https://doi.org/10.1108/JIEB-09-2016-0032
Tavakol, M., & Dennick, R. (2011). Making sense of Cronbach's alpha. International Journal Of Medical Education, 2, 53 55. https://doi.org/10.5116/ijme.4dfb.8dfd
Taylor, S., & Todd, P. (1995). Assessing IT usage: The role of prior experience. MIS Quarterly, 19(4) 561–570.
https://doi.org/10.2307/249633
Trizano-Hermosilla, I., & Alvarado, J. M. (2016). Best alternatives to Cronbach's alpha reliability in realistic conditions:
Congeneric and asymmetrical measurements. Frontiers in Psychology, 7, 769.
https://doi.org/10.3389/fpsyg.2016.00769
Tiwari, P. (2020). Measuring the impact of students" attitude towards adoption of online classes during COVID 19:
Integrating UTAUT model with perceived cost. Test Engineering and Management, 83(1), 8374–8382.
Toquero, C. M. (2020). Challenges and opportunities for Higher Education amid the COVID-19 pandemic: The Philippine
context. Pedagogical Research, 5(4), 1–5. https://doi.org/10.29333/pr/7947
Tseng, T. H., Lin, S., Wang, Y. S., & Liu, H. X. (2019). Investigating teachers' adoption of MOOCs: The perspective of
UTAUT2. Interactive Learning Environments, 1–16. https://doi.org/10.1080/10494820.2019.1674888
UNESCO. (2020). Covid-19 educational disruption and response. https://en.unesco.org/node/320920
Venkatesh, V. (2000). Determinants of perceived ease of use: Integrating control, intrinsic motivation, and emotion into the
technology acceptance model. Information Systems Research, 11(4), 342–365.
https://doi.org/10.1287/isre.11.4.342.11872
Venkatesh, V., & Davis, F. D. (2000). A theoretical extension of the technology acceptance model. Management Science
46(2), 186–204. https://doi.org/10.1287/mnsc.46.2.186.11926
Venkatesh, V., Morris, M.G., Davis, G.B. and Davis, F.D. (2003). User acceptance of information technology: Toward a
unified view. MIS Quarterly, 27(3), 425–478. https://doi.org/10.2307/30036540

The African Journal of Information Systems, Volume 14, Issue 1, Article 3

78

Goto and Munyai

The Acceptance and Use of Online Learning

Venkatesh, V., Thong, J. Y., & Xu, X. (2012). Consumer acceptance and use of information technology: Extending the
unified theory of acceptance and use of technology. MIS Quarterly, 36(1), 157–178.
https://doi.org/10.2307/41410412
Venkatesh, V., Brown, S. A., & Bala, H. (2013). Bridging the qualitative-quantitative divide: Guidelines for conducting
mixed methods research in information systems. MIS Quarterly, 37(1), 21–54.
https://doi.org/10.25300/MISQ/2013/37.1.02
Vishwanath, A. (2015). Examining the distinct antecedents of e-mail habits and its influence on the outcomes of a phishing
attack. Journal of Computer-Mediated Communication, 20(5), 570–584. https://doi.org/10.1111/jcc4.12126
Wenger, E. (2011). Communities of practice: A brief introduction. http://hdl.handle.net/1794/11736
Widjaja, H. A. E., Santoso, S. W., Fernando, E., & Condrobimo, A. R. (2020). Improving the quality of learning management
system (LMS) based on student perspectives using UTAUT2 and trust model. In 2020 4th International Conference
on Informatics and Computational Sciences (ICICoS) (1-6). https://doi.org/10.1109/ICICoS51170.2020.9298985
World Bank. (2020). Remote learning and covid-19: The use of educational technologies at scale across an education system
as a result of massive school closings in response to the COVID-19 pandemic to enable distance education and
online learning. https://documents1.worldbank.org/curated/en/266811584657843186/pdf/Rapid-Response-BriefingNote-Remote-Learning-and-COVID-19-Outbreak.pdf
Zhang, W., Wang, Y., Yang, L., & Wang, C. (2020). Suspending classes without stopping learning: China's education
emergency management policy in the COVID-19 outbreak. Journal of Risk and Financial Management, 13(3), 55.
https://doi.org/10.3390/jrfm13030055

The African Journal of Information Systems, Volume 14, Issue 1, Article 3

79

Goto and Munyai

The Acceptance and Use of Online Learning

APPENDIX A: QUESTIONNAIRE ITEMS
Table A1
Questionnaire Items
Construct

Item

PE1

I find the transition to online learning useful.

PE2

Online learning allows me to accomplish class activities more quickly.

PE3

Online learning increases my productivity.

PE4

Online learning will increase my chances of doing well in my studies.

EE1

Navigating online learning is easy for me.

EE2

I find online learning easy for me.

EE3

I find my interaction with online learning clear and understandable.

EE4

I am becoming skillful at interacting with online learning.

SI1

People who influence my behaviour think that online learning is the way forward.

SI2

People who are important to me think that I should embrace online learning.

SI3

People whose opinions I value prefer that I embrace online learning.

SI4

Most of my friends have embraced online learning.

SI5

I believe that many people in my country embrace online learning.

SI6

I believe that many people in my country express their desire to embrace online
learning.

HT1

Learning online has become a habit for me.

HT2

I am getting addicted to learning online.

HT3

I must adopt online learning.

B1

I intend to continue using online learning in the future.

B2

I predict I would use online learning in my future studies.

B3

I plan to use online learning in my future studies.

HM1

Learning online is fun.

HM2

Learning online is enjoyable.

HM3

Learning online is very entertaining.
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Construct

Item

FC1

I have the necessary resources for online learning.

FC2

I have the necessary knowledge to navigate online learning.

FC3

A specific person (or group) is available for assistance during online learning. E.g CAT, tutors,
lecturers, peers.

PV1

The cost of using online learning is higher than using other modes of learning.

PV2

For online learning data is expensive.

PV3

The devices that support online learning are expensive.

PV4

The effort and time I need to put into my online learning is beneficial for me as compared to
face to face or blended learning.

PV5

Compared to the sacrifice I need to make, online learning is worthwhile for me.

PV6

Overall, online learning is good value for money.

PV7

Online learning is a cost burden to me.

BU1

I frequently use Blackboard, WhatsApp or email tutors or lecturers in my online
learning.

BU2

I use many functionalities of Blackboard, WhatsApp or emails (e.g. discussion
forum, chat session, messaging, download course contents, upload assignments,
etc.

BU3

I rely on Blackboard, WhatsApp, or emails for online learning.

Likert measurement scales
1= Strongly disagree
2 = Disagree
3= Somewhat disagree
4 = Neither agree nor disagree 3 = Somewhat agree
5 =Somewhat agree
6 = Agree
7= Strongly agree

The African Journal of Information Systems, Volume 14, Issue 1, Article 3

81

